This paper examines experimentally two common conjectures in the popular literature on financial markets: that they are swayed by emotion and that they behave like a 'crowd'. We find consistent evidence that deviations of prices from fundamental value depend on the emotion of excitement and on the presence of independently identified 'irrational' traders. Other than through 'irrational' traders, there is no evidence, however, that non-price communication ('chat') influences prices. Subjects with an economics background make better traders.
Introduction
It is commonly suggested in the popular and historical literature that financial markets are influenced by waves of emotions (e.g., Smith, 1967 , Galbraith, 1994 , and Kindleberger, 1996 . Markets are subject to 'waves of optimistic and pessimistic sentiment' is how Keynes (1936, p.154) , for example, expressed this thought. There is also support for this conjecture from recent econometric studies (e.g., Baker and Wangler, 2006 , Cornelli et al., 2006 , and Edmans et al., 2007 .
The approach employed in this paper is different: namely, we try to identify the effects of emotions on financial markets in a controlled laboratory experiment. This is important not only because, in general, experiments provide a potentially complementary empirical test to the econometric one, but also because, in this instance, the experimental approach has an advantage over the econometric in a significant respect. The observations on sentiment in the econometric studies are indirect. They are typically other price related variables (like the discount on closed end funds and the relation between grey prices and actual launch prices for IPOs) and so naturally raise questions of interpretation. In contrast, the experimental method potentially allows direct observations on the traders' or potential traders' emotional states, and so it is complementary to the existing econometric evidence in this specific sense.
There has been no previous experimental test of this emotional hypothesis as far as we are aware of. This is perhaps not so surprising because eliciting the emotional state from subjects might in itself change behavioral responses, a case of 'experimenter demand effect' (Zizzo, 2010) . The design of our experiment provides a mechanism for controlling for this possible effect. We discuss this in the next section.
The experiment is also distinguished by the way that it addresses another, related conjecture in the popular and historical literature: that the behavior of financial markets is like that of a 'crowd' (see Smith, 1967) . A key ingredient of this argument turns on the way that there is significant non-price communication between traders and potential traders in financial markets. There are, for instance, famous watering holes where traders meet at the end of the day, Bloomberg chat rooms and the like as well as the public reflection on what is happening that occurs through media coverage of markets. This matters on this account because the opportunity for communication between people in a 'crowd' (particularly of emotional states) leads people to behave differently than they would as a set of isolated individuals. Von Schiller's dictum (cited in Galbraith, 1994, p. 1) makes the point compactly:
"Anyone taken as an individual is tolerably sensitive and reasonable-as a member of a crowd, he at once becomes a blockhead."
We examine specifically whether the scope for online chat actually affects behavior in our experimental market. There is experimental evidence on the influence of such cheap talk in other games, where it often (and somewhat surprisingly from a game theoretic point of view) affects behavior (see Farrell and Rabin, 1996 , for a discussion and Cooper et al., 1989, and Camerer, 2003 , for some of the evidence). It has not been examined, however, in a financial markets experiment, although, again, there is some suggestive and insightful econometric evidence (see Brown et al., 2008) .
Section 2 reviews our experimental hypotheses and design. Section 3 presents our results. We find that there is evidence that emotions affect price but no evidence that the opportunity for chat generally influences price. There is evidence, however, that the number of, independently identified, 'irrationals' in the market affects the degree of mispricing and that this influence is greatest when there is chat. It is commonly argued that financial markets may be affected by the variety of types of traders (e.g. the presence of 'noise' traders in De Long et al, 1990) and our result on the influence of 'irrationals' provides a further particular example of this. We discuss these two key results further in Section 4, where we consider more broadly the plausibility of all our results regarding the individual characteristics that appear to affect prices and emotions in our experiment. Section 5 concludes.
Experimental design
The experiment was conducted in November and December 2009 at our university.
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Apart from the experimental instructions and a control questionnaire, the experiment was fully computerized. The experiment was programmed and conducted with the software zTree (Fischbacher, 2007) . Almost all subjects were university students, from a wide variety of subject backgrounds. A total of 216 subjects participated in the 36 sessions. Subjects were randomly seated in the laboratory. Computer terminals were partitioned to avoid communication by facial or verbal means. Subjects read the experimental instructions and answered a control questionnaire, to check understanding of the instructions, before proceeding with the tasks. They were advised individually if any answers in the questionnaires were incorrect. The experiment used 'experimental points' as currency, converted into U.K. pounds at the rate of 200 points per pound. The average payment was £20.70 for an experiment that lasted around 1 1/2 hour.
Subjects played two stages, each with 15 market trading periods of 3 minutes each, plus a few end of experiment tasks that will be described later in this section. The trading periods closely followed Smith et al. 's (1988) double auction trading environment. In this trading environment subjects have an endowment of assets and experimental points and they can trade the asset, which yields an uncertain dividend in each period, through a double auction mechanism over 15 periods in the knowledge a) that each period's dividend, in experimental points, is a random draw from (0, 8, 28, 60) and b) that the terminal value of the asset is 0. At the beginning of each stage subjects were equally divided across 3 possible asset and money/point endowment combinations: 225 points and 1 asset; 585 points and 2 assets; 945 points and 3 assets. This follows exactly design 4 in table 1 of Smith et al. (1988 Smith et al. ( , p.1126 .
The virtue of this set-up is that it has been widely used and it readily generates price bubbles, so there is a backdrop of experimental results that act as a check on our results and an aid with their interpretation. There were 6 subjects in each session (i.e. two per endowment type) and there were 9 different sessions in each treatment.
Experimental treatments. We have four experimental treatments that enable us to test our hypotheses singly and jointly in a 2 x 2 factorial design crossing two dimensions: the presence of between rounds emotion elicitation and the presence of a chat facility for traders.
(Insert Table 1 about here.) Table 1 is the baseline treatment without either between rounds emotion elicitation or a chat facility. We have 3 further treatments (numbers 2,3 and 4 below) that test for the influence of emotions and non-price communication in a 2x2 set up, as set out below.
Emotions Elicitation. In the emotions elicitation treatments (2 and 4 in Table 1 ), at the beginning of each period and before trading starts, subjects were asked to rate the extent to which they felt one of four emotions, on a Likert scale between 0 (no emotion) and 7 (high intensity of the emotion). Subjects were advised that there were no right or wrong answers.
The types of emotion were drawn from Bosman and van Winden's (2002) study, and were anger, anxiety, excitement and joy. We chose anger and excitement because they are two emotions that have been associated with optimism in relation to the future (see Lerner et al, 2003,) , and anxiety because it is typically related to pessimism (e.g. see Norem and Cantor, 1986) . Joy is distinct from excitement, but is included here because, as another positive emotion, it provides balance to the two so-called negative emotions of anger and anxiety.
The emotional state questions create a potential experimenter demand effect (Zizzo, 2010) in the sense that the act of asking may either make these feelings more prominent in subjects' minds (or possibly less prominent under the interpretation that expression allows a form of discharge of the emotion). This approach to the elicitation of emotions is deliberately minimal. However, in so far as there is such an effect and the elicitation of emotions influences behavior, then the two effects will be revealed in a difference in the behavior of prices between Treatments 1 and 3 on the one side and treatments 2 and 4 on the other side. If there is no difference, then either there is no demand effect and/or emotions do not affect behavior. To test for the latter possibility, we can examine whether prices are related to the emotional states in the treatment sessions where we have elicited observations on them through our questions. If the actual emotional states are not related to price, then there remains the possibility of a demand effect but it no longer matters because there is no evidence that emotional states (whether affected by our questions or not) affect prices.
Alternatively if emotional states are related to prices in these treatments' sessions, then we can conclude that there was no demand effect because a demand effect should then have produced a difference between the treatments with and without emotion elicitation.
Chat. The Chat treatments (3 and 4 in As a result, we measure the degree of sensitivity to experimenter demand, which we refer to as 'conformism' below, as the number of dominated options choices being made.
Payments. The average payment was £20.70 for an experiment that lasted around one and a half hours. The average payment came from three sources: the terminal holdings of experimental points in the market game (£13.17), a payment for some Holt-Laury tasks (£5.72) and a show up fee (£2).
Results
A descriptive summary picture of prices by period for each treatment is given in Figure   1 , and more summary information is provided in Table 2 .
(Insert Figure 1 and Table 2 about here.)
The results at this level are similar to those found in the literature in the sense that we reproduce the bubble like behavior for prices and so we have no reason on these grounds to suppose that there is anything unusual about our implementation. Mean and median prices roughly coincide and there are also no obvious 'eyeball' differences in prices across treatments. The latter is confirmed by nonparametric tests confirmed by running these tests on just stage 1 or stage 2 data (e.g., in relation to mean and median prices in stage 2, Kruskal Wallis P = 0.451 and 0.567, respectively). Results do not change if one pools data depending on whether there is an emotion elicitation mechanism or not or depending on whether there is a chat mechanism or not (e.g., in relation to mean prices, Mann-Whitney P = 1.000 in the former case and Mann-Whitney P = 0.527 in the latter case). There are also no significant differences in price related variables between stage 1 and 2 (e.g. Wilcoxon P = 0.793 in relation to mean prices). These results provide preliminary evidence that emotions elicitation does not per se change behavior in financial markets, therefore ruling out the presence of experimenter demand effects connected to such elicitation. They also provide preliminary evidence against the presence of chat mattering for trading. The one qualification to this is that there is some suggestive evidence that the volume of trade decreased as the result of the chat facility (Mann-Whitney P = 0.054), but this is unsurprising as subjects had something else to do (other than trading) in the Chat treatments.
Just around 15% of the subjects (33 out of 216) were 'irrational' in the sense of making Holt and Laury variants choices inconsistent with strict dominance, as discussed in section 2.
Looking at the emotions data, excitement is stated to be the emotion that subjects felt the most, ahead of joy, anxiety and anger (Wilcoxon P = 0.013, P = 0.015 and P < 0.001 respectively), and with anger clearly as the emotion stated as being the least felt (Wilcoxon P = 0.002 relative to both joy and anxiety).
Regressions on prices relative to fundamental value. To investigate the data in more depth, we conducted regression analysis on the mean price deviation (Table 3 ) and the absolute price deviation (Table 4 ) from fundamental value. We report on both these possibilities because we have no prior view as to whether treatment differences might be revealed in one aspect of price behavior in relation to fundamental values or the other (i.e.
absolute or actual deviation). The mean deviation may be easier to interpret in terms of prices becoming higher or lower relative to fundamental value due to any given factor, but absolute deviation is what matters in identifying whether such factor helps making the market more or less efficient. For each set of dependent and independent variables we present two estimations, one using error clustering and the other using random effects, as both are commonly used in estimations of this kind (and again we have no prior strong view as to which technique should be preferred). Either way, we control for the session level non independence of observations. Tables 3 and 4 to identify the effects of being constrained either in terms of not having units to sell (Unable to sell: number of traders unable to sell) or in terms of being less likely to be able to buy (Unable to buy: number of traders with less cash than fundamental value). For all models some interaction terms are also included.
(Insert
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A key result in Table 1 is that, in all cases, neither of the treatment dummies EE and
Chat are significant, either on their own or interacted with each other. EE x Inconsistency however is positive and statistically significant (P < 0.05 in all models except Models 3 and 4, where P < 0.07): in the emotions elicitations treatments, 'irrational' subjects mis-valued and apparently over-valued the assets. Average mispricing was by around 250 points, which is considerable given that the average fundamental value was 192 points for each unit of the asset.
RESULT 1: There is no evidence that the elicitation of emotions generally affects prices, although it may in relation to 'irrational' traders.
RESULT 2: There is no evidence that giving subjects the opportunity for chat directly affects prices.
There is evidence from the random effects regressions that 'irrationals' may have increased the mean gap between prices and the declining fundamental value as the experiment progressed (P < 0.01), possibly through inertia in trading rather than tracking changes in fundamental value, but these effects are not robust to the regression estimation method. A higher proportion of female traders led to higher price mispricing (P < 0.05), while there is no other robust result linked to individual characteristics, including our measure of conformism. That the usual attributes of individuals (e.g. degree of risk aversion)
are not significant might appear surprising but it is also a common finding in the empirical literature (see Warneryd, 1996, and Guth et al., 1997) .
Period and Period Squared are significant (P < 0.05 or better) and that this is so is clearly connected to the time pattern in the trading that we observed in Figure 1 . Models 1-4 identify a traditional dynamic bubble shape in prices as per Figure 1 . Models 5-8 show that
there is an initial decline in the absolute gap from fundamental value (Period has a negative coefficient), though one that tends to level down with time (Period Square has a positive coefficient). While we are not concerned here with this bursting bubble aspect of price behavior in the experimental market that is picked up by these 'period' terms, we nevertheless test whether one common explanation of this also holds in our data: a change in the composition of traders that is occasioned by buying and selling constraints (e.g., Hong
and Stein, 2007) . This, in turn, may explain market mispricing.
To elaborate, there may be a range of views among traders along the optimismpessimism spectrum and in the early stages of these experiments the 'optimists' typically buy from 'pessimists'. This action, however, tends to both constrain the 'optimists' (because they run out of liquidity) and the 'pessimists' (because they run out of assets to sell). As a result the balance between optimists and pessimists changes in the market, with consequent effects for the price. We examine this explanation in Models 2, 4, 6 and 8, which contain the constrained buyers and sellers variables. The picture from Models 2 and 4 is unclear in terms of effects on mean price deviations: 'Unable to buy' has a positive coefficient (but P = 0.01 in Model 4 only), suggesting that on average optimism may lead to constrained buyers; while 'Period x Unable to buy' is negatively signed (but P < 0.02 in Model 2 only), suggesting that, as the optimists become less able to act on their optimism, prices fall back. The results from Models 6 and 8 are stronger in terms of effects on the degree of overall mispricing of the asset. Given the declining fundamental value of the asset, a higher proportion of pessimists (high 'Unable to sell') correlates with lower mispricing (P < 0.01 in both models); a higher proportion of optimists (high 'Unable to buy') might correlate with higher mispricing, though this effect is sensitive to the estimation method (P = 0.153 in Model 6 and P < 0.01 in Model 8); while, as optimists become less able to act on their optimism, prices become less misvalued (P < 0.05 in Model 6 and P < 0.1 in Model 8).
RESULT 3: There is some evidence that price mispricing is related to changes in the number of traders who are liquidity and short selling constrained.
Result 1 suggests that either that there is no experimenter demand effect in general and/or that emotions have no effect on behavior.
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To examine whether there is evidence of the latter, we now focus on treatments 1 and 11 (i.e. those where we have observations on the emotional states of the subjects).
(Insert Table 5 about here.) Table 5 .
It appears that excitement leads to price increases relative to fundamental value (P < 0.05 in Model 9). The effect is large: excitement was measured between 0 and 7 and this means that an increase in excitement from 0 to 7 would lead to a price increase effect of as many as about 34 x 7 = 238 points. To put this in perspective, and as noted earlier, the average fundamental value of a unit of the asset was 192 points. This, in turn, might lead to some systematic mispricing relative to fundamental value (P < 0.08). There is also some potential effect of anxiety in making prices closer to fundamental value (P < 0.06).
RESULT 4:
There is evidence that excitement raises prices relative to fundamental value. Table 5 is also useful in another respect: by having fine-grained information on emotional states and controlling for them, we can more precisely hope to identify the effects of psychological characteristics. There is clear evidence that 'irrationals' behave differently:
putting together the negative Inconsistency (P < 0.05) and positive Inconsistency x Period (P < 0.01) coefficients in Model 10, the picture is one in which 'irrationals' are initially much closer to fundamental value but after around period 5 they misprice the asset progressively more as 'irrationals' fail to track the declining fundamental value.
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'Irrationals' also systematically misprice the asset more as a result of the chat mechanism, and by a sizeable amount of around 200 points (P < 0.05 in Model 10).
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Interestingly, conformists misprice less (P < 0.01 in Model 10), and, given the positive coefficient on Conformism in Model 10 (P < 0.05), this appears to operate by reducing valuations below fundamental value. Ambiguity aversion also appears to lead to less mispricing (P < 0.05 in Model 10): the more the ambiguity aversion, the less the likely demand for the asset may be. We also find that having more traders with an Economics background leads to prices clearly more aligned with fundamental value (P < 0.05 in Model 10). Regressions on emotional state. Result 4 shows that excitement leads to rises in prices relative the fundamental value, and we also saw from Model 10 that anxiety also potentially has an effect on market prices. One question that arises is what determines excitement and anxiety in our financial market, and Table 6 presents regression analysis attempting, at least partially, to answer this question. Table 6 about here.)
(Insert
9 Suggestive complementary evidence for this is provided by the marginally significant positive coefficient on Inconsistency x Period in Model 9 (P < 0.07). 10 We shall discuss this in section 4. 11 For completeness, we report equivalent regressions for anger and joy in Appendix B.
The unit of observation in these regressions is the emotional value stated by any given subject in any given market period of any given session. We control for subject level non independence of observations by using either error clustering or random effects, while we control for session level non independence by the means of fixed effects. The variables are the same as before if defined at the subject level where appropriate, 12 but we now add Lagged N Sales and Lagged N Buys, which are respectively the number of sold or bought units in the previous period by a subject; and Lagged Profitability, which are the profits made by the subject in the previous period. If we focus on P < 0.05 or better coefficients using both estimation methods, we find that anxiety rises with sales, while excitement increases with purchases. It is also interesting that excitement may be rising as a result of past profits, but the effect is somewhat sensitive to the estimation method (P < 0.05 in Model 13 but P = 0.178 in Model 14).
RESULT 7: Buying assets is connected to excitement and selling assets is connected to anxiety.
(Insert Table 7 about here.)
Regressions on profitability. We conclude our analysis by considering the possible determinants of individual profits in our experiment. Table 7 reproduces subjects level regression on mean profits. As in the case of Mean Joy) to the independent variables and so is restricted to the treatments with emotions elicitation.
13
Mean emotional states do not affect how much money subjects make; but irrationals do make less money on average (P < 0.02). There is also evidence that female 12 For example, Economics will simply be a dummy equal to 1 if the subject has an Economics background and 0 otherwise, rather than the proportion of subjects with an Economics background in the given session 13 By construction -namely, the zero-sum nature of trading in the market -, each session is equally profitable and so treatment dummies are omitted (though adding them would not affect the regression results).
traders make less money (P < 0.05 in Model 15 and P < 0.08 in Model 16). Other effects lack robustness between Model 15 and 16.
RESULT 8: 'Irrationals' make less profits, while subjects' emotional states do not affect their own profits.
Discussion
These results, taken at face value, are important in at least two respects. First, they provide the first, as far as we aware, experimental support for the popular conjecture that financial markets are moved by emotions. Specifically, we find that excitement increases the mean gap between prices and fundamental value (Result 4). This is plausible since excitement is connected to optimism; and, in this way, the experiment helps corroborate those arguments and the econometric evidence that link over-pricing to optimism (see Baker and Wangler, 2006) .
Our method for identifying this emotional influence turns on an experimental design
where we can test for a 'demand effect'. The introduction of emotions elicitation per se does not change prices in general, though it may make a difference for 'irrational' traders (Result 1). It is the lack of a general 'demand effect' that enables us to test for the influence of specific emotions in those treatments where they are elicited. The possible exception of the 'irrationals', though, points to the second important feature of our results. We find that the number of independently identified 'irrational' traders has a distinct influence on prices.
The financial literature has discussed the implications of having noise traders (e.g., Shleifer and Summers, 1990, and De Long et al., 1990) The influence of 'irrationals' might be explained in more than one way. Asking for emotional states may make 'irrational' traders more dependent on emotional responses. This is a form of experimenter demand effect with potentially wider scope since it suggests that in times where traders are more likely to think emotively -such as in time of crisis -, 'irrational' traders may indeed lead to greater asset mispricing. An alternative explanation could be that adding the emotions elicitation task adds to the complexity of the decision environment: this could make the 'irrationals' more prone to confusion and less likely to track fundamental value, contributing in turn to the speculative bubble observed in this and other asset market experiments.
The potential role of chat with 'irrational' traders is also interesting and can be interpreted in at least two ways. It could be that 'irrational' traders exemplify Schiller's dictum and are swayed by the wisdom of the crowd (or lack thereof) and therefore to this extent -and bearing in mind that 'irrational' traders make up only 15% of all traders -there is some truth in the potential of rumors to induce asset mispricing. Alternatively, it is again also possible that the chat mechanism adds to the complexity of the decision environment and so may make 'irrational' traders misprice more.
Either way, it is clear that 'irrational' traders in our experiment do make less profits than other traders, and so they pay for their mispricing (Result 8). This does not contradict noise trader models because the definition of noise trader there (e.g., De Long et al., 1990) differs from the inconsistency in choices that we have used to identify our 'irrational' traders.
The question we now address briefly is whether these results should be taken, in this way, at their face value. In particular, does what else went on in the experiment make broad sense, lending credence to these particular results?
Controlling for emotional state, the evidence on the influence of the other individual characteristics is perhaps the most mixed: i.e. the higher the proportion of conformist, ambiguity averse and economics trained traders, the lower the mis-pricing (Result 6).
Conformism might have been expected to operate in the reverse way once mis-pricing has occurred. That ambiguity aversion may lead to less mispricing may also seem surprising as it has been argued that ambiguity lovingness can be treated as an index of competence (Barberis and Thaler, 2003) . However, it seems also plausible to argue that the ambiguity averse are less likely to engage in trade when prices depart significantly from the known stochastic process governing fundamental values. And it is unsurprising that an economics background contributes to better trading because economics could either make better traders or attract the better traders as a field of study.
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In the same vein, the overall behavior of prices is broadly reassuring, as are the results on the determinants of emotions and individual profitability. The fact that our asset markets produced bubbles that are not very different from those found in the literature, for instance, means that there is no obvious ground for thinking that our experiment was in some way atypical. Equally the support in our data for a common explanation of these asset prices bubbles, namely the changing composition of traders due to liquidity and short selling constraints, adds credence. That women make less profits has also been found elsewhere (e.g.
see Gneezy et al, 2003 , where it arises from the fact of competition). Finally, the apparent determinants of the reported emotions (Result 7) are plausible. Excitement is connected to optimism and buying assets, while anxiety is connected to pessimism and selling assets. 
Conclusion
Introducing emotions elicitation in our experiment enabled us to identify a large effect that excitement has on mispricing. When controlling for emotional states, we were further able to identify the role of several psychological characteristics, including the role of 'irrational' traders, who were independently identified using Holt and Laury (2002) type tasks.
The first of these results is important and new. It is important because it lends support to a part of the popular (as compared with rational choice) view of financial markets and it is new because, while there is some econometric support for this bit of popular wisdom, it has 14 These possibilities parallel those considered by Frey and Meier (2005) in evaluating whether economics students are less cooperative; in that context, they find that less cooperative agents tend to study economics rather than that economics make agents less cooperative. 15 The absence of a time pattern to these emotional states is also reassuring in relation to possible endogeneity (i.e., the variation in these emotions does not map on to the time pattern of prices relative to fundamental values).
not previously been examined in a controlled environment where emotional states can be directly measured. The second result builds on this insight in a way that complements the analyses of financial markets that turn on the presence of a variety of types of traders (e.g. De
Long et al, 1990) . In particular, a relatively small percentage (15%) of 'irrational' traders account for a large part of the mispricing in our experiment. We also find some evidence that the 'irrationals' are more susceptible to emotional suggestion and that their mispricing is greatest when given the opportunity for chat. In other words, while markets are quite generally moved by emotions in our experiment, it is the behavior of a small group of 'irrationals' that is most 'crowd' like. Obviously, further research is needed. Figure  A1 )
Index of loss aversion = number of Option A choices in Decisions 1 through 9 (as per
-(10 -Option H choices in Decisions 1 through 9)
In Decision 10, no matter the degree of risk aversion or loss aversion, subjects should clearly prefer Option G to Option H.
Loss aversion usually refers to the way that losses are weighed in the utility function representation of choice much more heavily than are the equivalent gains (i.e. the U function is steeper in the loss domain than in the gain domain). This could be consistent with conventional risk aversion but as Rabin and Thaler (2001) has argued, given the small changes in wealth that are typically at stake, the typical observations of double weighting of losses compared with gains would entail quite implausible risk aversion when grossed up to some of the bigger decisions that we make. Hence, loss aversion is more usually thought to denote a kink in the U function at the point of the status quo (and the related inference that we make judgments about changes in wealth and not its absolute level). Whichever interpretation, however, the concept of loss aversion turns on the difference in slope of U function at the point of the status quo.
If one assumes that U function representation of choice has a constant coefficient of relative risk aversion 'r' as in
then a) the slope of U function = X -r and so larger absolute value of 'r' means smaller slope for given wealth X and b) an interval can be established for 'r' from the switch point S in the Holt and Laury type choice between 'safe' and 'risky' options. In particular, if the decisions are ordered from 1= decision with the lowest expected value to 10 = decision with the highest expected value, then the inferred value of r increases as the switch point (S) increases (that is slope falls as S increases). Define S(gain) as the switch point in the domain of gains and S(loss) as the switch point in the domain of losses. Then S(gain) -S(loss) is a measure of change in slope of U function between gains domain and loss domain and the hypothesis of loss aversion is that it is positive: that is, the slope is bigger in losses (i.e, r is smaller) than in gains. In Figure A2 , however, the decisions in losses are reverse ordered: that is, Decision 1 has the highest expected value and Decision 10 the lowest. Define the switch point when decisions in losses are reverse ordered as S'. Then S(loss) = 10-S' and so our measure of change in slope can be computed as follows: S(gain) -S(loss) = S(gain) -(10-S') = number of Option A choices in Decisions 1 through 9 -(10 -number of Option H choices in Decisions 1 through 9).
Ambiguity aversion screen (Insert Figure A3 here.)
Index of ambiguity aversion = number of Option D choices
This is similar to Engle-Warnick and Laszlo (2006) and offers a choice between an increasingly ambiguous lottery and the same lottery disambiguated but at a price in terms of lower expected value. The number of times subjects went for the unambiguous measure can be used as a measure of ambiguity aversion. Figure A4 here.)
Conformism screen (Insert
Index of conformism = number of Option F choices
The two options in Decision 1 are the same, but thereafter Option E improves and Option F worsens. Option F is identified by the smiley face and the note that it would be nice if this was chosen and so is taken to be what conforming with expectations of others, and specifically of the experimenter, would entail. So, as the cost of conformity rises as the number of Option F choices increases, the number of Option F choices can be taken as an index of how conformity is valued. Note: The cells identify the treatment label in this paper. Notes: mean values of each variable are reported by treatment. Abs. Diff. from FV: absolute difference from fundamental value. Anger, anxiety, excitement and joy correspond to the mean value of each emotion as stated on a period-by-period basis in treatments 10 and 11. Trade Volume refers to the mean number of trades in each market period. Notes: n = 446. Both regressions employ error clustering to control for non independence of observations at the session level (random effects converge to OLS). 
